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ABSTRACT

Abstract

Introduction

Background

Tumor is one of the most common brain diseases, according to the data from World
Health Organization (WHO), it accounts for the top-ten mortality over the world today.
Accurate and earlier diagnosis and appropriate treatment can be a great help for reducing
the mortality.

Recently the development in medical imaging techniques provides us with more and
more facilities for better diagnosis and treatment, such as ultrasonic (US), computed
tomography (CT), magnetic resonance imaging (MRI) and other modalities. MRI is the
most frequently used imaging technique in neuroscience and neurosurgery for these
applications, especially in the diagnosis of tumor. MRI creates a 3D image which
perfectly visualizes anatomic structures of the brain such as brain tissues and brain tumors
if existing. The advantages of MRI over other diagnostic imaging modalities are its higher
spatial resolution and its better discrimination of soft tissue, for example, tumor in brain.

Accurate and robust brain tissue segmentation is a very important issue for the
diagnosis and treatment of brain tumors and the study of some brain disorders. One
example is to analyze and estimate quantitatively the growth process of brain tumors, and
to evaluate effects of some pharmaceutical treatments in clinic. Once a tumor is found,
physicians can measure various quantities, such as the size and the location of tumors.
However, tracing a tumor in 3D manually by an expert is not only exceedingly time
consuming, but also exhausting for the expert leading to human errors. Therefore, it is
necessary to develop segmentation tools with minimum manual intervention.

Accurate and robust brain tissue, and brain tumor segmentation is a great challenging
task because it usually involves a large amount of data with sometimes artifacts due to
patient’s motion or limited acquisition time and soft tissue boundaries. In addition there is
a large class of tumor types which have a variety of shapes and sizes, and may appear at
any location and in different image intensities. Some of them may also deform the
surrounding brain structures. The existence of several MR acquisition protocols can
provide different information on the brain. Each image usually highlights a particular
region of the tumor. Thus, automated segmentation with prior models or using prior
knowledge is difficult to implement.

Till now, numerous efforts have been made and a lot of promising results achieved in
the medical image segmentation field. In general, the classification of 2-D and 3-D
segmentation techniques can be divided roughly into three core classes: (1) region-based:;
(2) boundary/surface-based; and (3) fusion of boundary/region-based. The second core
class of segmentation is also known as “deformable models” and the third core class is
also called the “fusion of regions with deformable models”. The deformation process has
played a critical role in image segmentation, and it often implements via level set
methods.

The level set method for capturing moving fronts was first introduced by Osher and
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Sethian in 1987[1]. Over these years, it has been used in a variety of fields including
geometry [2-5], fluid mechanics [6-8], image processing [9-11] and many others[13-22].
An important application is related to image segmentation, in which the level set is
initialized by a initial curve, and then evolves under an image related speed, finally stops
at the object boundary under some criteria. Owing to its ability to capture the topology of
shapes, the application of the level sets in medical image segmentation became extremely
popular [23-37]. In my thesis work, segmentation methods based on level sets are studied.

Normal human brains possess a high degree of bilateral symmetry in axial and coronal
MRI images, although they are not perfectly symmetrical. As to axial MRI images, the
symmetry plane of a normal brain is a good approximation of the mid-sagittal plane,
which is defined as the plane that best separates the hemispheres. If there are some tissues
of tumor presenting in an MRI slice, the symmetry of the image may be damaged.
However, if we do not take into account the tumor and its reflected region against
mid-sagittal plane, the rest of this image is still symmetrical about the mid-sagittal plane.
So the symmetry does not exist only in tumor region. It is obvious that we can figure out
the tumor in the slice by its symmetry, on condition that we have extracted the
mid-sagittal plane. This makes ‘automatic’ tumor segmentation possible.

Objectives and contributions
In this context, the aim of our project is to develop a framework for a robust and accurate
segmentation of a large class of brain tumors in MR images. The built system based on
this framework is used to follow a specific patient in his whole therapeutic period while
his MRI images acquired once every four months a year, allowing the clinician to monitor
tumor developing states and evaluating the therapeutic treatment.
The framework consists of three steps: image preprocessing, tumor segmentation and
result comparison.
- (1) Image preprocessing
In this step, operations such as: reduction of intensity inhomogeneity and inter-slice
intensity variation of images, spatial registration (alignment) of the input images are
performed. This section prepares images and some global information on the brain to
be used in the segmentation section.
- (2) Tumor segmentation
First, the approximate symmetry plane of the MRI volume is computed, and the
initial contour of the tumor, if the tumor is present in the image, is searched by
utilizing the symmetry plan information. Second, a level set method is used to refine
the initial contour to get the tumor boundary. Last, the tumor boundary is, in the
middle part of the MRI volume in general, projected to its adjacent slices for the new
initial contours of the adjacent slices. The same refinement algorithm is applied to get
all tumor boundaries through the whole volume. All the boundaries in the same
volume are used to reconstruct 3D tumor volume for the tumor quantitative
measurements.
(3) Result comparison and therapy evaluation
By following up the tumor variations in the therapeutic period, the clinician can carry
out comparison studies according to the medical requirement, and give the evaluation
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of the therapeutic treatment.

The general diagram of the framework is shown in figure 1.
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Figure 1 Scheme of the proposed system

The main contributions of this research work discussed in the dissertation mainly include:

(1) Introduction of a mid-sagittal plan estimation algorithm
As to axial MRI images, the symmetry plane of a normal brain is a good
approximation of the mid-sagittal plane, best separating the hemispheres, to determine
the location of the plane. We compute a degree of similarity between the slice image
and its reflection with respect to a plane, by utilizing each slice and combining results
from multiple slices. The best plane is then obtained by maximizing the similarity
measure.

(2) Proposition of an initial contour seeking algorithm.
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After the extraction of the mid-sagittal plane, we then calculate the differences
between two hemispheres. The slice with the largest difference is checked out. Using
a combination of watershed and morphology algorithms, the region without symmetry
can be determined, which is considered as the initial contour of the tumor in this slice.
Usually it is the largest size contour of the tumor.

(3) Proposition of an improved level set formulation based on active contour model
To refine the initial contour obtained in the above step, which is not accurate enough,
we use edge information. An improved level set formulation based on active contour
model is applied for this purpose. The proposed method tries to combine region and
edge information, thus taking advantage of both approaches while cancelling their
drawbacks.

(4) Implement software to perform 3D data comparison.
After all the tumor data of the volumes in the therapeutic period have been
segmented, a 3D reconstruction algorithm is designed to visualize the tumor and

quantify the tumor information making it convenient for the clinician evaluate the
therapeutic treatment.

Organization of the document
This dissertation is organized as follow.

Chapter 1 - Review of medical image segmentation methods
A Dbrief review of medical image segmentation methods
Chapter 2 - Deformable contour model
Level set method and its improvement
Chapter 3 - Brain tumor segmentation
Brain tumor features and symmetry plane computation, implementation of the
framework
Chapter 4 - Experimentation and validation
- Conclusion and perspectives
Some general conclusions and perspectives
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Chapter 1 Review of medical image segmentation methods

In general, the classification of 2-D and 3-D segmentation techniques can be divided
roughly into three core classes: (1) region-based; (2) boundary/surface-based; and (3)
fusion of boundary/region-based, as shown in figure 2.

Region-based methods seek out clusters of voxels that share some measure of sim-
ilarity. These methods reduce operator interaction by automating some aspects of
applying the low level operations, such as threshold selection, histogram analysis,
classification, etc. They can be supervised or non-supervised.

Boundary-based methods rely on the evolution of a curve, based on internal forces
(e.g. curvature) and external forces, such as image gradient, to delineate the boundary of
brain structure or pathology. These methods can also be supervised or non-supervised.
They can be further classified into two classes: (1) parametric deformable model
(classical snake) and (2) geometric deformable model (level sets).

The third core class of tumor segmentation methods is the fusion of region-with
boundary-based methods. This class has been the most successful, as this technique uses
information from two different sources: region and boundary.

1.1 Region based methods

A region-based methods usually searches for connected regions of pixels with some
similar features such as brightness, texture pattern, etc. traditional thresholding, region
growing and classification once are widely used region-based methods and new mixed
region-based methods have been developing along time. They can now classify roughly
into the following categories.

(1) Atlas-based

Atlas-based techniques perform the segmentation by registering and deforming
the brain atlases over patient images.
(2) Morphology-based
Mathematical morphology-based methods are those that use the features of
mathematical morphology, such as structuring elements (SE) or masks or
kernels as templates to convolve with the image, followed by binarisation using
a given function or use gradient-dependent diffusion followed by linking.

(3) Classification-based
Classification-based methods are those that assign a pixel to a class and are
supervised. These methods use a statistical-based method.

(4) Neural network-based

Neural network-based methods are those that use an artificial neural network
(ANN) to learn classification parameters (using test MR data sets), this learned
classification is then used to segment the patient images.

(5) Texture-based prior

Texture-based techniques use statistical methods to compute textural features to

10
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distinguish brain tissues for segmentation of tumors.

(6) Clustering-based
Clustering-based techniques are those that use the fuzzy membership methods
for segmenting brain tumors and are unsupervised classification.

(7) Knowledge-based
Prior knowledge-based methods use prior knowledge of different structures,
tissues and tumors of the brain to segment tumors.

(8) Fuzzy-based
Fuzzy methods are those that use fuzzy logic theory for segmentation. This class
may have overlap with other classes and here we consider the fuzzy
connectedness methods.

(9) Feature extraction-based
Feature extraction methods use a technique for extracting other features from
patient images and they make a classification based on these features.

The main problem of these methods is the quality of the segmentation in the border
of tumors. Due to the partial volume effect the region-based techniques suffer from
misclassification of voxels and hence, it is difficult to have a crisp region of tumor. Most
of the time, some kind of postprocessing step, such as morphological operations, user
interaction and knowledge based operations were used to remove invalid objects or
misclassified pixels from segmentation results but these operations could not solve this
problem completely. Another problem is the segmentation of heterogeneous tumors and it
remains an unsolved problem in these methods. Finally most of these methods segment a
specific type of tumors and generalization of a method to large types of tumor also
remains unsolved.

1.2 Boundary based methods

Boundary-based methods, in another word, deformable models have been widely
used in image segmentation. The idea behind deformable models is quite simple. The user
determines an initial contour, which is then deformed by image driven forces to the
boundaries of the desired objects. In these models, two types of forces are considered.
The internal forces, defined within the curve, are designed to keep the model smooth
during the deformation process. The external forces, which are computed from the image
data, are defined to move the model toward an object boundary.

There are basically two types of deformable models: parametric deformable models,
also referred to as snakes, and geometric deformable models. Parametric deformable
models represent curves and surfaces explicitly in their parametric forms during
deformation. This representation allows a direct interaction with the model and can lead
to a compact representation for fast real-time implementations. Adaptation of the model
topology during the deformation can be difficult using these models.

11



ABSTRACT

Medical

Image __|

Segmentation
Techniques

Region

[ based

I based

Region/

| Boundar
based

Boundary

— Atlas-Based
———— Mathematic

——— Classification-Based
- Neural Network-Based

| Texture-Based
Cluster-Based
Knowledge-Based

| Fuzzy-Based

Feature
Balloon Snake
__ Parametri _| Topology Snake
Distance Snake
| Gradient Vector Flow Snake
Original Level Set
| Geometri _|

Geodesic Level Set

Area/Length Active Contour

| Constrained

L Active Contour without Edge

Parametric + Region

Geometric + Region

Figure 2 Classification of existing medical image segmentation methods

12



ABSTRACT

Geometric deformable models also called level sets, on the other hand, can handle
topological changes naturally. These models, based on the theory of curve evolution and
the level sets method, represent curves and surfaces implicitly as a level set of a
higher-dimensional scalar function. Their parameterizations are computed only after
complete deformation, thereby allowing topological adaptivity to be easily
accommodated. Despite this fundamental difference, the underlying principles of both
methods are very similar.

Although deformable methods have been used to overcome some limitations of
region-based methods, they cannot solve solely brain tumor segmentation problems. One
problem is the automation of methods. All methods were initialized manually and need a
lot of user interaction especially in 3D applications. Hence these methods cannot operate
automatically and need to be combined with region-based methods to have this property.

1.3 Fusion of region and boundary based methods

The third class of brain tumor segmentation approaches was the fusion of region-with
boundary-based techniques. This class has been the most successful, as this technique
uses information from two different sources: boundary and region. These methods take
advantage of the local and global shape information for deforming the boundaries to
capture the topology of tumor areas in the parametric or geometric deformable models,
and they can be classified roughly in two categories: combination of region-based
methods with snake and region-based methods with level sets, the next chapter, mainly
discussing the level set methods, will give some examples of this type of method.

13



ABSTRACT

Chapter 2 Deformable contour model

As mentioned above, the techniques of medical image segmentation can be divided
into three core classes: 1) region-based; 2) boundary-based; and 3) fusion of
boundary/region-based. The second core class of segmentation is also known as
“deformable models” and the third core class is also called the “fusion of regions with
deformable models”. The deformation process has played a critical role in shape
representation. The first class of deformable model is parametric deformable curves
model, also known as, “snakes”, started in the late 1980°s [38]. Since then, there has been
an extensive burst of publications in the area of parametric deformable models and their
improvements, such as balloon force [39], topology shake [40], and distance snake[41].
The second class of deformable models is level sets. These deformable models were
started by Osher and Sethian [1]. The fundamental difference between these two classes is:
parametric deformable curves (active contours) are local methods based on an
energy-minimizing spline guided by external and image forces which pull or push the
spline towards features such as lines and edges in the image. These classical active
contour models solve the objective function to obtain the goal boundary, if the
approximate or initial location of the contour is available. While, on the other hand, level
set methods use non parametric deformable models with active contour energy
minimization techniques which solve computation of geodesics or minimal distance
curves. Level set methods are governed by curvature defining speeds of moving curves or
fronts.

2.1 Parametric deformable contour model

The original snake was introduced by Kass et al.[38], in which the contour deforms to
minimize the contour energy that includes the internal energy from the contour and the
external energy from the image. Using a variational method, the internal and external
energy are converted to internal and external forces to deform the contour. During the
contour deformation process, the curvature-based internal force maintains the contour
smoothness, while the gradient-based external force attracts the contour to the desired
boundaries in the image. The deformation finally stops when the contour reaches an
energy minimum (force balance). The original snake requires expert guidance on the
snake initialization and the selection of correct deformation parameters. And the capture
range of the original snake is small. The initial contour should lie close to the desired
boundary to avoid it reaches a local energy minimum. Furthermore, the original snake
method is a parametric method and the contour cannot change topology during its
deformation process without an additional mechanism. With these limitations, a number
of deformable contour methods have been proposed to improve the original snake, some
of them are shown below.

2.1.1 balloon snake

14
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The original snake is a deformable contour based on minimizing the energy functional
E) = [y ()] +wyv"(s) + Q(v(s))ds (1)

In (1), v(s)=(x(s),y(s)) represents the contour in an image /(x,y) with x and

vy being coordinates, and s €[0,1] is a generic parametric coordinate. The component

le|v’(s)|2 +w, |v"(s)|2ds is the internal energy of the contour with w, and w, being
the contour elasticity and rigidity weights. The component J.Q(v(s))ds is the external

energy of the contour with Q(v(s)) =—|VP(v)|2, and P=G, *1 being the Gaussian
(variance o) filtered image of the input image /. Using the variational method, it can

be proven that the contour satisfies the following Euler—Lagrange equation if E in (1)
reaches a local minimum.
—(wp") + (w,v")" = F(v), v(0),v'(0),v(1),v'(1) being given. (2)
In (2), —(wmv")' + (w,v")" is the internal force and F(v) is the external force with
F =-VQ(v). Since the energy functional is not convex, suppose the initial contour is
close to the desired boundary (i.e., a local minimum of energy), the contour evolution
process can then be described as
& () = )"+ FO)
v(0,5) = vy (), v(t, 8) = v, (0), v(£.1) = v, (1),v'(2,0) = v (0),v'(.1) = v5 (1)
where the contour v(s) = (x(s), y(s)) is considered to be a function of time written as

®3)

v(s,t) = (x(s,2), y(s,1)) . When% =0, contour reaches the desired boundary and stops

deformation. Balloon snake enables the initial contour to be located far from the desired
boundary by adding a constant force, in the external force, to inflate the contour’s growth.
The balloon snake uses the modified force function of

F(v)=kN -~ i (4)
e
In (4), N is the normal unit vector with magnitude &, (inflation force), and & is
the external force weight.

2.1.2 Topology snake

To overcome the topology problem of snakes, Terzopoulos designed a set of topology
changing rules to be used during the balloon snake’s deformation [40]. Using the
simplified decomposition, the image space is partitioned into a set of triangular cells. The
snake is then approximated as a polygon with the vertices being the snake contour points
on the edges of the triangles. The triangles can be classified as inside, outside, or
intersecting with the contour according to their positions relative to the contour. The
triangles intersecting with the contour can be used to trace the contour and check the
contour topology conveniently during contour deformations. Once contour crossings exist,
either the contour can be split or contour segments can be merged together by
reconnecting and disconnecting the contour points on the triangles.

15
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2.1.3 Distance snake

Cohen and Cohen [41] used a finite element method to implement a deformation
strategy called the distance snake. Compared with the original snake, the external force
field on the image is constructed also as the negative of the external energy gradient,
which is the distance from each point to its closest edge points in the image. The new
external energy enables a large magnitude for the external force everywhere in the image.
Thus, the distance snake has a large capture range, i.e., the initial contour can be located
far away from the desired boundary if there are no spurious edges along the way. By
using a finite element method, the deformable contours represented as a continuous curve
in the form of weighted sum of local polynomial basis functions. The result has good
stability and convergence in the energy minimization process. The distance snake uses the
external force function of

F=-VO() (%)

In (5), O(v)=d(v)and d(v) is the smallest normalized Euclidean distance from v
to an edge point with the edge point identified by a threshold gradient.
2.1.4 Gradient vector flow snake

Xu and Prince [42] discussed the shortcomings of the original snake and distance
snake from the external force field construction. The external force field, for the original
and distance snake, is irrotational and based on the contour points and the closest edge
points in the contour points’ normal direction. This limits the deformation into boundary
concavities because there is no external force pointing into the concavities inside. GVF
snake constructs a new external force field which is not entirely irrotational, which means
the new external force points inside in concavities. Additionally, the magnitudes of the
external force are the same over the whole image (field), which means a large capture
range for the gradient vector flow (GVF) snake.

The GVF snake has a new external force: F(v) = (a(x,y),S(x,y)) and F(v) can
be obtained by minimizing the energy functional

E = ”,u(af +ay2 +a22)+|Vf|2|F—Vf|2dxdy (6)

where f is an edge map of the input image 7, and g is a regularization parameter.

Using the variational method, F can be found by solving the following Euler equations

WVia—(a— f)fE+f2)=0
W BB~ ffZ+f7)=0

in (7), V? isthe Laplacian operator, f. Zgl’fy
X

()

_d
ay'
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2.2 level set method

Different from the snake energy-based framework, the original level set method was
first proposed as a numerical technique that tracks an evolving contour [1]. The evolving
contour deforms with a speed F that is based on the contour curvature and image features
like gradient. The curvature component in the speed keeps the contour propagating
smoothly, which performs like the internal energy in snakes. Additionally, an artificial
speed term, obtained from the image feature, is synthesized to stop the front, i.e., the
contour, at the desired boundary. After the original level set method was proposed, great
efforts have token to improve it. Several typical level set methods are shown below.

2.2.1 Original level set

The central idea of level set is to represent a curve as the zero level set of a higher
dimensional function (3D surface) with the motion of the curve embedded in the motion
of the higher dimensional surface. The motion of the front is matched with the zero level
set of a signed distance function, and the resulting partial differential equation for the
evolution of the level set function resembles a Hamilton-Jacobi equation. This equation is
solved using entropy-satisfying schemes borrowed from the numerical solution of
hyperbolic conservation laws, which enable the topological changes, corner and cusp
development to be naturally obtained during the front marching process, (shown in Figure
3). In the level set scheme, the contour deforms by the function

% =F|Vg|,¢(x,y,t =0)=+d (8)

In (8), F is the contour marching velocity, F = g(‘G% *]‘)(C-H() ,

2
where g(‘G% * ]‘) =1/1+ ‘G% * ]‘ ), ¢>0 isaconstant, x is the contour curvature,

d is the distance from (x, y) to the initial contour, and ¢ is positive or negative when
(x,y) is either outside or inside the initial contour.

To speed up the front marching, computationally efficient schemes like the
narrow-band method and the fast marching method are proposed.

2.2.2 Geodesic active contour

Based on the above level set methods, a new level set method called geodesic active
contour method was proposed which unified the curve evolution approaches with the
classical energy minimization methods (snakes) [38]. The flow of the contour can be
described as

ov
ot
with g(‘GUo *I‘) :1/(1+‘GU0 *1‘2), € is a constant (c > 0) for fast convergence, and

g(G,, *I)(c+x)N-(Vg-N)N ©

k is the curvature. The embedding surface deformation process using level set
implementation is
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% = 2(G,, *I)(c+x)Vg+Vg-Vg (10)

withg(-),x ,and ¢ being defined as above.
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Figure 3 level set can handle topological changes: the curve topology changes, while the level set
remains a smooth function

2.2.3 Area and length active contour

Siddiqi et al. [43] added a new area function weighted by the edge detection function
to the length minimization framework of the geodesic active contour method. This
addition strengthened the force attracting the contour to the feature of interest. With this
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new weighted contour length and contour interior area minimization framework, the
deformable contour converges to the desired boundary with a faster speed than the
geodesic active contour method. Actually the weighted length minimization flow can be
replaced by the weighted area minimization in many cases, which offers significant
computational savings. The contour deformation can be described as

ov
5—{g(

G,, *I)(c+x)~(Vg-N)+g(

G, * 1\) +% <v,Vg >}z\7 (11)

In the level set marching scheme, the embedding surface deforms as

%= a{g(

G, * I‘)|V¢|(c +x)+(Vg- v¢)}+ {% diij g}w ¢|} (12)

with a’ivﬂx]g} =2g+(xg, +yg,), and a isaconstant (a >0)
y

2.2.4 Constrained optimization

The constrained optimization method [44] uses a velocity function to deform the
contour and an energy function to constrain the deformation. The velocity function is
defined as

Y1-NV(01) -T,) [N (13)

1 M(x,y)—1
@ _ : exp(—| (x, ) o|
o |1+VG,, *| o
I(x,y)—M(x, .
Here 7=Ze"0<7<1, Zl=| (x,y) = M( y)|, where o, =c,and o is a
0y
constant(o > 0). 7, is a preset threshold for similarity measure, M (x, y) is the average
of a 3x3 neighborhood around the contour point (x,y), N(01)is a Gaussian
perturbation with variance 1 and /, is the average contour interior brightness. The

1
2
1+|VG,, *1]
(-). The procedure uses a modified fast marching method with the interior area being

updated and a contour being selected from the lower E from several nearby randomly
generated contours at each iteration. The process stops when the input number of
iterations is reached and the output is the contour with the smallest energy during the
whole deformation process.

contour energy is calculated by E(v) = , Where 6 is the average of

2.2.5 Active contour without edge

The active contour without edges model for image segmentation was set up by Chan
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and Vese in 2001 [45], based on the Mumford-Shah segmentation model, with the level
set method driving the curve to evolve. Unlike other image segmentation models such as
the popularly used level set with stopping edges model by Malladi et al [46], which works
well if the object to be segmented has large gradient on its boundary, while may not work
well if the image is with very smooth contours. This model, on the other hand, can
segment not only the object with great gradient on its boundary but also the object
without outstanding boundary. The detail of this model can be depicted in short as
follows.

Q>R

Let Q be a bounded open subset of 2%, define an image “0as% , and suppose

C is a close curve evolving inQ. Chan and Vese proposed that if we halt the evolution
with minimizing the energy equation (14), then the curve € will eventually stop at the
object’s boundary.

E(C,c,,c,) = p-Length(C) + v - Area(inside(C))
* /71 - J.inside(C)l uo (x’y) a Cl |2 dXdy (14)

[ ug(xy)—c, [ dxdy

utside(C)

where E(C,¢,c,) 1S an energy function, the positive . 0,4 and 4, are fixed
parameters, u,(x,y) Iis the intensity of the image at the point (x,y), and the constant

parameters ¢, and c, are the average intensity of the image inside and outside the

curve C respectively.
The level set function of (14) can be deduced via Euler-Lagrange partial
differential equation as (15), here we parameterize the descent direction by >0

%=5(¢)[,udiv[%]—v—/ll(uo—cl)z + A, (uy—c,)? (15)

Chan and Vese also gave the following level set iteration formulation (16) to evolve

the zero level setg(x, ).

1
4, 4

At = 5;: (¢:I)[;uK -V

- 21(7"0,1‘,_/ - Cl(¢n ))2 +4, (uo,i,_/ ) (¢" ))2]

(16)

where ¢ =g(x,y, nAr) is the discretization approximation of 4(x,y,r) with

n20, ¢"=¢ and K=div(V4/IV4) is the curvature of the evolving curve, it is also the

divergence of the unit normal of the curve.
This model can eventually evolve to convergence, giving the segmentation results.
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However, in our experiments on the brain tumor segmentation, we have met some
problems with this model. We find that the segmentation results are pretty good if the
tumor has an outstanding edge, while in the case of fuzzy tumor edge, the segmentation
results may not be satisfying. In fact, sometimes it evolves too much due to fuzzy contour,
as is shown in Figure 4. Or, in some cases, even though the tumor has already been
correctly segmented, the iterations still go on till the preset iteration number running out,
taking a large waste of time. For solving these problems, we propose some solutions
which will be presented in the follow chapters.

Figure 4 Tumor segmentation with a level set method. The overmuch evolution: the curve evolves,
shown from left to right, beyond the boundary of the tumor.
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Chapter 3 Brain tumor Segmentation

3.1 Brain MRI image

A brain tumor is an intracranial mass produced by an uncontrolled growth of cells
either normally found in the brain such as neurons, lymphatic tissue, glial cells, blood
vessels, pituitary and pineal gland, skull, or spread from cancers primarily located in other
organs.

MRI is the most frequently used neuron-imaging technique for the evaluation and
follow-up review of patients with brain tumors for many reasons. It does not use ionizing
radiation like CT, SPECT, and PET studies. Its contrast resolution is higher than the other
techniques, making it preferable for detecting small lesions and iso-dense lesions on
un-enhanced CT. Also, it is more sensitive than CT to detect lesion enhancement.

According to the types of MRI pulse sequence, MRI images can be classified as the
following type: T1, T2, T1l-weighted, T2-weighted, CE-T1w (contrast enhanced T1w),
FLAIR images, etc, generally the CE-T1w and FLAIR images are sufficient for detection
and segmentation of the majority of brain tumors and its components such as edema and
Necrosis.

3.2 Symmetry plane of brain

Generally there are three types of view of MRI images according to the various
imaging directions, i.e., MRI in sagittal, axial and coronal planes. Normal human brains
possess a high degree of bilateral symmetry in axial and coronal MRI images, although
they are not perfectly symmetrical. As to axial MRI images, The symmetry plane of a
normal brain is a good approximation of the mid-sagittal plane, which is defined as the
plane that best separates the hemispheres, and if there are some tissues of tumor
presenting in an image slice, the symmetry of the image is damaged, however, if we take
no account of the tumor and its reflected region against mid-sagittal plane, the remainder
region of this image is still symmetrical against the mid-sagittal plane. It is obvious that
we can figure out the tumor in the slice by its symmetry, on condition that we have
extracted the mid-sagittal plane.

The mid-sagittal plane is presented as (17)

aX +bY+cZ+d=0 (17)

The ith slice is on the plane Z = Z., and the symmetry axis on the ith slice is a 2D

line(18):
aX +bY +(cZ +d)=0 (18)

Obviously the orientation angles «, = arctan(b/a) of the 2D symmetry axis are the
same for all slices approximately. The orientation angle «; of image.S,can be estimated
by the equation (19) or (20) for efficiency.
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C;(a;) = max{xcorr(S,, rotate(2- a;, refv(S;))} (19)

Where refv(S;) is the reflected image of S, about vertical center line,
rotate(e, S) denotes a new image rotated « degrees counterclockwise from imagesS,
and xcorr(S;,S ) is the cross correlation of §S;and S .

C () =max{F(F"(S,)-rotate(2-a;, refv(F(S,))))} (20)

Where F(S,) is the complex conjugate of Fourier transform of S, and F(S,)

is the inverse Fourier transformation of S .
After the orientation angle «, of image S, has been estimated, we rotate S, with
degrees—«; , now the symmetry axis runs parallel to the vertical center line; it is easy to

estimate the location of the vertical symmetry axis by the maximum value of auto
correlation of the rotated image.

3.3 Flowchart of tumor segmentation

The automated brain tumor segmentation method that we have developed consists of
two main components: preprocessing and segmentation as illustrated in Figure 1. Here we
use MRI FLAIR images as the inputs of this system. In the preprocessing section,
operations such as: reduction of intensity inhomogeneity and inter-slice intensity variation
of images, spatial registration (alignment) of the input images are performed. This section
prepares images and some global information on tumor to be used in the segmentation
section. In the segmentation section, based on the information provided in the
preprocessing section, the proposed model perform the following three steps to segment
the tumor, 1) by computing the approximate symmetry plane of the brain MRI volume,
finding out the tumor seed, the initial curve of the level set; 2) Iterating the level set
function to obtain tumor boundary in a single slice; 3) Projecting seeds to adjacent slices
to segment through the whole volume.

3.4 Preprocessing of brain MRI images

Before any segmentation operation, two main problems of MR images, intensity in
homogeneity and inter-slice intensity variation which are caused by the limitations of the
current MRI equipments should be solved. Therefore, it is required to correct intensity
inhomogeneity in the image volume. Here an automatic method based on entropy
minimization introduced by [Mangin, 2000] is used.

As the MRI images have been taken in different time, i.e., every four months, it is
difficult to keep the volumes in different time exactly aligned, it is required to add a
registration step here. Image registration is the operation of aligning images in order to
relate corresponding features. For most kinds of image processing on two or more images,
it is required that the images are aligned, so that one voxel position represents the same
anatomical position in all images. This step allows the use of modalities that are not in
perfect alignment. A widely used public tool SPM software package can overtake the
task.
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Figure 5 Flowchart of tumor segmentation

3.5 Segmentation algorithm

3.5.1 Estimating mid-sagittal plane and the tumor seed

We use equation (19) or (20) to estimate the mid-sagittal plane. As mentioned above,
the tumor will damage the symmetry of an image, it is advisable to estimate the
mid-sagittal plane from a middle slice free of tumor in the volume. Here are the details:
we only check those slices in the middle of the volume, leaving aside several (3 for
example) slices at the top of the volume and several slices also at the bottom unchecked,
and calculate the orientation angle «; of all the remainder slice §,, we then rotate

S.with —«, degrees to get S,, and calculate the cross-correlation between S and
refv(S;) , getting the location of the vertical mid-sagittal plane by the largest
cross-correlation value, afterward, we divide S;into two images S, and S,, with the
vertical mid-sagittal plane, and calculate the difference image diffS,of S, andrefv(S,,)
with diffS; = imabsdiff(Sl.'l, refv(S,fz)) , then we use morphological operation ‘open’ on
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image diffS; to reduce its noise. Comparing with all diffS,, it is obvious that ¢, of slice
S, with the darkestdiffS,, in other word, the slice without tumor is the true mid-sagittal
plane orientation angle & .

(d (®)

® @ (h 0] @

@ (b) ©

Figure 6 Mid-sagittal plane estimation. First row is about slice No.13; second row, No.18. (a)original
slice No.13, (b)the reflected slice of slice No.13, (c)original slice with the mid-sagittal line, 3.8 degrees
apart from the vertical center line, (d)difference between two hemisphere, (e)morphological ‘open’
operation on (d) with structuring element disk of radius=3,(f) original slice No.18, (g)the reflected slice
of slice No.18, (h)original slice with the mid-sagittal line, -0.45 degrees apart from the vertical center
line, (i)difference between two hemisphere, (j)morphological ‘open’ operation on (i) with structuring
element disk of radius=3.

Figure 6 demonstrates the estimation procedure of the mid-sagittal plane of a specific
patient. Each slice in the middle of the volume is processed to estimate the mid-sagittal
plane, only slice No. 13 (first row in Figure 6) and slice No.18 (second row in Figure 6)
are shown in Figure 6, for short. From sub-figure (e), we see slice N0.13 has a strong
symmetry. From sub-figure (c), we can see the mid-sagittal plane has a 3.8 degrees apart
from the vertical center line, it is estimated by the maximum value of cross correlation
between the original slice (a) and the rotated reflected slice (b), as is shown in Figure 7;
From sub-figure (j), we can see the symmetry of the slice is damaged owing to the
presence of the tumor, the rough range of the tumor is also revealed in (j). We choose the
estimated mid-sagittal plane from the slice with the most strong symmetry as the true
mid-sagittal plan of the volume, that is, the mid-sagittal plane from the darkest figure
among sub-figure (e), (j) and the like.
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Figure 7 The maximum value of cross correlation between the original slices and their rotated reflected
slices of Figure 6. (a) The maximum value of cross correlation between Figure 6 (a) and Figure 6(b),the
rotated degrees (22 ) under the peak of the curve is 7.6, therefore, the mid-sagittal plane has 3.8 degrees
apart from the vertical center line; (b) The maximum value of cross correlation between Figure 6 (f)
and Figure 6 (g), the mid-sagittal plane has -0.45 degrees apart from the vertical center line

@ (© (d) (e)

Figure 8 The slice with the largest tumor and the seed of the tumor. (a) searched slice with the largest
tumor, (b) the reflected slice, (c) difference between two hemisphere, (d)morphological ‘open’
operation on (c) with structuring element disk of radius=3,(e)seed by watershed algorithm from (d)
superposed to ().

After the mid-sagittal plane angle is estimated, we now estimate the tumor seed. We
do the above calculation once again but this time all «;is set equal to the true

mid-sagittal plane orientation angle «, it is easy to see that the slice S, with the
brightest diffS, is the slice with the largest tumor, we can choose an intensity threshold
related to diffS, by watershed algorithm to get the tumor’s initial boundary, seed in
other word, of the slice S, , if there is no seed found in this slice, there should not be any

tumor in the whole volume.
Figure 8 shows the estimation procedure of the tumor seed, from sub-figure (e), we
see the seed is determined correctly despite the high intensity of the skull.

3.5.2 Iterating the level set function in a single slice

After the seed of the largest tumor on the slice of the volume has been determined, the
system calculates the intensity of the tumor defined as the average intensity of all pixels
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inside the seed, and segments this slice with the active contour without edges model by
Chan and Vese through evolving the initial curve by iteration equation (16). Two
stopping criteria to control the evolution are imposed on the process to make sure it stops
in time at the right position, and thus finds out the segmentation results, i.e., the boundary
and the intensity of the tumor: a) After each iteration, we check the intensity of the
newborn pixels and compare them to the intensity of the tumor. If the new generated
pixels’ highest intensity is lower than a threshold (defined as a percentage of the intensity
of the tumor), it is suitable to stop here to avoid overmuch evolution; b) If there is not any
newborn pixel in any four continuous iterations, it means the last four iterations have not
evolved the curve at all, we stop the iteration there.

3.5.3 Projecting seeds to segment through the whole volume

After the segmentation of the first seed slice, we now extend the segmentation to the
whole volume. As mentioned above, the first seed slice is often in the middle of the
volume, so we have two directions to extend: one is from the first seed slice to the top of
volume; the other is to the bottom of the volume. For all the slices, the current slice
segmentation results are projected to the slice next to as the initial curve, the seed. A
stopping criterion is also imposed to control the projecting process: if the intensity of the
next slice within the region bounded by the projected seed is lower than a threshold,
which is proportional to the intensity of the tumor, there must be no potential tumor in the
slice in this region, and then the segmentation in this direction is finished.
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Chapter 4 Experimentations and Validation

4.1 Experiments setup

MRI images are acquired on a 1.5T GE (General Electric Co.) machine using an axial
FLAIR sequence. The total number of slices is 24 slices with a voxel size of 0.47x0.47x
5.5 mm?. There are totally 12 MRI volumes to check. All the volume data are processed
with the proposed model. Some slices with the tumor from the volumes are checked by
the expert and tracked the boundary by hand. Several parameters are used to evaluate the
segmentation results: such as Hitting and Overhitting.

4.2 Validation

First, some comparison relating to the proposed model and another algorithm are
shown below.

Figure 9 Comparison about initial boundary results. Original slices (left column). Initial boundary
results obtained by thresholding algorithm (middle column), skull with high intensity is incorrectly
treated as tumor. Initial boundary results obtained by the proposed model shown in white (right
column).

Figure 10 Comparison about stop condition. Original slices (left column). Segmentation results
(over-segmented) obtained by original level set method shown in white (middle column). Segmentation
results by the proposed model shown in white (right column), the proposed criteria stop the evolution at
the tumor boundary.

Figure 11 shows the comparisons of the segmentation results between the proposed

model and the hand tracking of the expert, revealing a relatively good effect of the
proposed method.
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(7) slice19

(8) slice20

(9) slice21

(10) slice22

(11) slice23
Figure 11 Comparison and validation. Original slices (left column). Segmentation results obtained by
the proposed model shown in white (middle column). Segmentation results superposed to the hand
trackings shown in dark (right column).

The quantitative results are shown in Table 1. Several measures are used to
evaluate the segmentation difference made by experts and by the proposed model.
Here let ImByDr be the segmentation results by exports, it is the ground true,

ImResult by the proposed model, Then
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Hitting = (ImByDr & ImResult)/ImByDr

Missing = I — Hitting

OverHitting = (ImResult — ImByDr & ImResult)/ImByDr
RelativeHitting = (ImByDr & ImResult)/ImResult
RelativeMissing = (ImByDr — ImByDr & ImResult)/ImResult
Kappa = 2* Hitting [(2* Hitting + Missin g + OverHitting)

Where Hitting denotes the ratio of correct segmentation, Missing denotes the
ratio of missing tumor,  OverHitting denotes the ratio of false tumor segmented,
RelativeHitting denotes relative correct ratio against segmentation results, and
RelativeMissing denotes relative missing ratio against segmentation results.

From Table 1, we can see the segmentation results between the proposed model and
the hand tracking of the expert have a good accordance.

Table 1 Validation measure Data (percent) of figure 11.
Slic Hitting Missing OverHittin  RelativeHitti  RelativeMissi  Kappa

€ g ng ng
13 93.0851 6.9149  17.5532 84.1346 6.25 0.8838
14 99.0991 0.9009  10.3604 90.535 0.82305 0.9462
15 952022 4.7978 5.5115 94.5276 4.7638 0.9486
16 97.7069 2.2931 6.6083 93.6651 2.1982 0.9564
17 97.4153 2.5847 3.8075 96.2385 2.5535 0.9682
18 95.8405 4.1595 7.8034 92471 4.0133 0.9413
19 91866 8.134 3.0861 0.37941 0.033594 0.9424
20 90.3379 9.6621 5.1566 94.6001 10.118 0.9242
21 96.0882 3.9118 6.2214 93.9191 3.8235 0.9499
22 97.4088 2.5912 7.0438 93.2565 2.4808 0.9529
23 96.9112 3.0888 9.1699 91.3558 2.9117 0.9405

4.3 Segmentation results

The segmentation results of other volumes of a specific patient in different time are
shown below from figure 12 to 16. Five MRI brain tumor volumes of a specific patient,
taken once every four months, are checked and segmented automatically with the
proposed system, the results and quantities are shown below.
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Figure 12, Segmentation results of a patient MRI volume of his first time acquisition, only the slices
with tumor are shown here, the slice sequence in the volume is from 13 to 23, listed from left to right
first.

Figure 13, Segmentation results of a patient MRI volume of his second time acquisition, only the slices
with tumor are shown here, the slice sequence in the volume is from 13 to 23, listed from left to right
first.
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Figure 14, Segmentation results of a patient MRI volume of his third time acquisition, only the slices
with tumor are shown here, the slice sequence in the volume is from 13 to 23, listed from left to right
first.

Figure 15, Segmentation results of a patient MRI volume of his third time acquisition, only the slices
with tumor are shown here, the slice sequence in the volume is from 13 to 23, listed from left to right
first.
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Figure 16, Segmentation results of a patient MRI volume of his third time acquisition, only the slices
with tumor are shown here, the slice sequence in the volume is from 13 to 23, listed from left to right
first.

Table 2 lists the slice size of all the slices with tumor in the five volumes, indicating
that the tumor size has a stable reduction tendency along the therapeutic time.

Table 2 Slice size (Pixel number) of figure 12 to 16.

Slice Time Time Time Time Time
No. T1 T2 T3 T4 T5
13 259 209 208 0 0
14 1219 994 972 824 473
15 3961 3223 2302 2436 1836
16 6236 5149 5004 4169 4367
17 7384 6745 6253 5323 5402
18 7452 6306 6030 6013 5401
19 8323 7482 6027 6725 6443
20 6319 6005 5508 6175 5027
21 5336 4882 4917 5082 4755
22 3687 3392 2859 2602 3106
23 2051 1727 1099 1371 799
sum 52227 46114 41179 40720 37609
(%) 100 88. 30 78. 85 77.97 72.01

Figure 17 gives the 3D images of the above volumes of different time, more
intuitively, the tumor size has a stable reduction tendency along the therapeutic time.
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Figure 17 3-D views of the segmentation results of a patient MRI volumes, listed from left to right first,
then from top to bottom.
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Figure 18 changes of tumor size of a specific patient in his therapeutic period.

Figure 18 gives the reduction tendency curve of the above volumes of different time, also,
we can see the tumor size has a stable reduction tendency along the therapeutic time.
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Conclusion and perspectives

Review of the Contribution

In this dissertation, we propose an automatic model to segment the tumors from brain
MRI volume. The framework consists of three steps: image preprocessing, tumor
segmentation and result comparison.

The model is based on the symmetry of human brain and level set method. The key to
‘automatic’ is the symmetry of normal brain, thus one can figure out the tumor which
damages the symmetry. The proposed segmentation approach has the ability to segment
MRI volumes automatically, and has a relatively good segmentation effect;
Experimentations also show that the segmentation results are not too sensitive to the
parameters in level set evolution. The built system based on this framework is used to
follow a specific patient in his whole therapeutic period while his MRI images acquired
once every four months a year, allowing the clinician to monitor tumor developing states
and evaluating the therapeutic treatment.

The main contributions of this dissertation include:

(1) Introduce a mid-sagittal plane estimation algorithm. We compute a degree of
similarity between the slice image and its reflection to obtain the mid-sagittal
plane.

(2) Propose an initial contour seeking algorithm. By calculating the image
differences between two hemispheres, addition with watershed and morphology
algorithms, the initial contour of the tumor is picked out.

(3) Propose an improvement level set formulation based on active contour model.
To refine the initial segmentation, an improvement level set formulation based
on active contour model is applied for this purpose.

(4) Implement software to perform 3D data comparison.
After all the tumor data of the volumes in the therapeutic period have been
segmented, a 3D reconstruction algorithm is designed to visualize the tumor
and quantify the tumor information making it convenient for the clinician
evaluate the therapeutic treatment.

Future work

However, the proposed model needs a relatively strong symmetry of the human brain
and will encounter its problems under some special cases, for example, if the tumor exists
symmetrically against the mid-sagittal plane in both hemispheres, which is rarely the case,
the model will probably be unable to figure out the tumor; besides, the model works well
with large deforming tumors while sometimes it will miss very small deforming tumors.
Moreover, more efforts should be taken to find the more robust and adaptive parameters,
and larger database of the volumes should be treated for better practicability of the model.
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The work in progress is devoted to several aspects:

(1)

(2)

3)

(4)

Q)

(6)

Larger database of the volumes should be treated for better practicability of the
model.

More robust, adaptive parameters and higher segmentation speed level set
methods are in need.

New model to setup initial boundary for tumor symmetric against mid-sagittal
plane or small tumor need developed, information of atlas of normal brain may
be a solution to it.

3D segmentation model should be more direct segmentation for the data are
mainly 3D.

Fusion of Multiple MRI sequences, such as T1, T2, T1lw, and FLAIR may give
more information to help complete segmentation.

Fusion of other modalities, such as PET, MRS is also a considerable way.
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$, DAEUAHR AP I Ay B0 . 55— 280 kil —Fh e s ity ORGSR, ik
T S i PR CHE (14 7 V208 P B Wi 245 2 B 0 TR b, sy a R b AR rp B L 1 5
PS50 K R AR I H R ok, DAORIE AR 50 B Esfite . AR5, I IR
IRIEAR B XHRE o B R AT IR A Kag 5, B R G 8Bl . XEES T
BN G, IR, R BISCR T ORI AR S5, WX RT3 % 3]
A

(4) F:T432% (Classification) [#) X 3845 E) )y vk

BT 03 RN IR B 7R K R 8 25 AT AR L, g B e )
RIINET2E 2050, AR 0T, T2 NN e i 5/ RI4 R, R IX S84 1Ll
FEARER AT IS, [ O B AR S %, SR T B aha . W HTE
22 RMG A BI AR 0T . K ITARSr (KNND BH483830: | it (Bayesian) 8143235
WAL (EMD POV F [ BERL (SVMD BBIg:,

PR (R 432 S A (Nearest neighor, NND 7302588, e AR R0 3 5 H K
JE R I GAEA BT AR 85, KNN3 08 Sl A8y R A e, & — Rl R kA7 i

DS
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BMAE T KNN BEJE THESE0r K88, N EATT ERLHE 7 0 R EdR 4
IHEE. JFEH KNN REFHAELEARBERE ), AL REAE (] 51 A R (R 43- 810 HH 2 A2
METEH bR, R KNN J5 B 2i AT R A B, 1558 AR 2 B0 B b N TR BG40 45
2, ME AR IFEA A, XA A ThR I, AR, RIS fO6 AR 5
MR R AT K

Vinitski 25 A PUFI ] KNN 23 50060 R 2906 A1) MRIIRZLSUGEAT 4381, TR
TF4E 5. BT G R R I T A T2 hnAURI 1558 BE AL E% , A A KNN 43
Fedy, Vinitski [MFVLERE R M 4120 1) 10 28, o G RE IR (1 5 Pl e oy 4 A At
HI KNN 2325 22 Ao 1642, Kaus™ 4 AR T —FhACKIK MRI G B 5 0 i
M. Hort KNN 23287y E A e it s it AT w0 40580, (5 B 4R, K] o i 4
5N T EI A TRCHE, DIHER KNN B0 B s . 77750 /N g 4 ) R R 45
T 0T LA R 5 2 A (R K I R 22, TRIINE, A A A F 23 2%
BoAEis &, HACREAC, #ARE.

IXLCTL I3 AR 10 2 R O VA B A R R AL AR B AR PE AT S (R G 2 8 1
ORAEAE, 7 RAs R IR 75 N A NG AREE, N T 38 e K AINEA AT 23 316
KEIFEA 8502, = AR RN 45 3, IR 2500 N TR 2R 2 20 H M4,
TXAEAG 0 3 MO I 58 B R P e i) T A1, A AL B Ps S AR ) MRI E5 AR 45
AH 4 A HE o

WY 5 K AY (Expectation Maximization, EM) ROy o FH 1791 I e RAL AR A 1 1)
ZH, B UG AT BN g, EM B4l 5 RS RS &, miih
I T B K5 B 1 H AR BRECR AL THE &8 SR M S TN il T KRR
WS TAE, e T &FET EM BIERM MRI B& o#1EE, HrhIET EM J7iER
HE N2> BT R R, TR 7 RN RN R EM 545 B s, RefB1S
P T R IR 1) Bl 45 R

(5) KT % 2% (Neural network-based) 1 X 45 73 1] J7 7%

N TAHEE 288 7 V0 B e R R 8 I 45 (1 G ), DX 8% J2 AR s Tl o i A3 B I A%
W2 AR, AR A I QAN ZREAA N, 24T I 25, AR vl 2k
AR TR N L IR, SRR ZE i e B T, AU I 28 25 R ff 2 R ok
SRR T &0 38 (R B AT Ab PR . Blanz 45 A MO8 A i) = 2 N 48 ke kAT IR4% 20 30 T
£, Reddick™ LK A T 428 b2 T MRI i [ 45 20 %1, BUS— 2 208

(6) H=T 55 (Clustering-based) [ [X 1873 %1 J5

T REM R E R TR 777, ATEINZ, 2RI 2R 2k
Pa A G AR R BARAURE I, o IR SRR K M. 2R, B C (VLSS
25, Chen®IRI ] K B0 MRI ORG240 %), Pham 3R FTEDE C 4 it K

Pare
orE
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Wi MR BUE AT 73 %), B — 2 ).

(7)) F=T511R4> 2 (Knowledge-based) i) [X 143 %1 5 4

BT H0R 4 2810 DX sk 23 8 7 VA BUER I e 30 50, X BHEEE T 70 %1 X5 MRI &
BT, XL MPEAR kA TAES, —MREEANKERSEES, 51—
SR EAS DRSS, FIHXLEER, RIESEMABRN, @ XR15, Tk
St PG REAT 40 ). Clark OV A I FH 24113 0 25 45 A BOm SR 2 5 30 KMl MR [ 45
7538, BURAET . BT AR 2TV IR R 7R T TG T 1 00 4 W R s 55 AN BR A (1) %
MNRAEAFBNEM AN, IFH, —&ims, RERERZ N L.

DA b 3R SO T DI ) G o B R T iz N, I HAR 2 Y F R 8OR AR B, (R,
M2 NG, 255 Rk I BARA AR EA S, B B GCR SEd
PR =R R AN, HARIAZ o FHFA IR 5, SBOE T Xk #1071k 24
I E R, R, o E g SR — /NI H AR X . FERZ BB, AT
DU I — 28 5 A Bt PRS0, BT ORI AR I A PR &5 N T )
FBL RIGEBR ORI B AREL > 8145 RARHERME FR, (LXK LRI A BRI ig e ) .
hy VR HE PRI 00 A T DRl P PG 23 80 v R T A () s LA A () 00 BTG AR I SK 0 A
Gy RN AR EAT 2 F00, 38 BRSO [R] B F5 A 3E AH R0 BRI, R SE BRI AR 1R I
ek, . [N R IR P R B AR R B R R, RIS A TR TR A
H MRI BB MEE R AR EIAFRRE R, 858 T I G # EAkIR L, 1R
MBS IE R RTT S Tioh, BL R R e o B A HOn B — e M B % (n
B RAIMRD) AR, B H R IE, A I A 2 P R 4 ) 1 43
Jiiko

2.2 BT FRE G5 EH K

ST FH BB BB, MHO TR SA, EAE BTN )2
N o ARTEARAR A B AT 2%, 1550, NOUIRE — & itnia s, RERNS
PR IS Tk IR A iz 2, RIEMZeistt, HRNEALR] H A w2 Jrfstib. 42
TR p R (K950 0 — BT PIRRIR, 73 A I AnAN T, TRk B A 5,
LA i e /e pe il B b R V0 AR ok B EIR, AEAE S BB IRR ARG, T EAK
a4 H AR iia e s), IFs kT B bsid F i

ARTERARAR R T ] 50 AW RIS B AR Bl (Snake) A ALRI LA A FE Ao
MK (Level set) A2, S AT I X th 2k itk M5k, W aibdR e
thek B SHuRsE, BX RS i e . XRBI N o2 5 1 A s
I RE, AT SRR, — MRl U, X SRR XE AL B i 2k 40 $h 4544 (1424
T, IR LSRR SE Y BLAE i o AL I S 2B 1 il e A2V A 73 S b

JUT A TR MAERR A KPR, SRR L, REVSAR F AR Ak Bl 26
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TG R b A B A @A AR IR DL o LRI A TR RS 37 T il 2 s AL BRI ATK P
Ptz b, B Ih 2 ke U3 o b ih e — 4 (=48 RBURACHEIZ, A
[7) R 712 AR AN RIEAL I 21 (1 2RSS DA AP SR AP Ty — R pe 2, 22
R OREF T, HACHERMIR N R AR e B R A, B AC BN . AT 241
f1 A PR A R it 28 (1 AT VAN 70 SO RIS E NS 8] o 11 2 03 TR R R TX 28 4
N R, TR R IR B I, DA AR R IREACIR DL . R AR AR Y
55 LA A2 FEAE AR h 2k (10 3R T VA LA MRAS I ), (ER e A TR A 2k T i e A A T
PR, X i U

A8 LA AR JEAR R e % e i T DX ) 0 BUBOR P AT (R i, (B, S L
T AR TEAB TR JEAN R AR el 27 IR 23 ) At i g 23 8D (¥ T e — S EE 2L F T E ERER
S QLT SR (18 B 3 2 B . LA TR EEN 1L Fe e Ml dntife thk, [
XL TVABIAGEME] A )38 WA se BB A R B8l iy R TIRZ 5500, 5K
LA B3 B AN T REAE T 45 G A HT BB V30 A5 SR IX A 6L, A4 R I XA
Sorb B SIIRAIIR I SE, AE RS TS A SR ih 2, 1AL 2 H bR id 5.
2.3 BT XEFia RS aE BT B R

o = 2R PR 2 BB 0 BB R T XA FARN S B IR R S HIHOR o IR EATE Bt
JRI IR 73 BIBR L, DR RSREORR ] T BB X A5 AT R A A B X
PR ICAT LU I 73 D LU 2R (1) -3 SHRIBRARR I B FIEOR, B
Lo (2) FeFIXak. USRI R 2 BIBOR . —Ff B miihie L AR TR,
HIKPERAERY,  JFRE4 X SREBAR I3 T
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FET KA 051010 MRT P8 i Btoed 8 50 73 31

3 TR ERfREY

WRTHTA, BEHEERGAE AR 5= D BTRIEEG S EEAR; 2) 3
TR RS BIH A 3) FETF0 SR X e & (1 G B . Hrp 3T i A K
1553 T AR SR A AR TEAAR UG A3 BIBA, 100 S0 DI o5 1) B G 2 Sl AR S
ik Ry AR TEASEAR 5 DX 353 il 2 (1) UG A3 BB R o AR TR B A A 2 25 PRI 3 0 1) I FH
PHEE WO R L A

AR TR G o3 B AT & ST 43 e B — KR SRR I i, SRR
I J% (Snakes) Hii%Eh4EE (Active contours) K%Y, [ M Kassi®®lfE 1988 4F i it vk
K25, IR (il K I O T ST I+ 2 AR, PR T2
St (AR TR RS, . A48 (Balloon force) B9, 4 4hi (Topology snake)
HOTIPE 29 (Distance snake) WA A%

5 AR FERBRRAS AR S AT R L KPR iy Osher®®TRIT Sethiant™> 17 A5t
BRI Gevst A ) TAE P TR th iy, FH DA e bl e A el A5t mb AN ey a0 HH B P 1 2 ds A 9
FAE A ] 7L

X PR TR () FE A TE T: SR TE I RS 3 T R 4k s e 1
/MEITTE, BRI BRSSO EG . 28k, RS IAIE T BHRRFE I A
=, 5l FEHIRES b Z ALy R R, (R A L TR I % . R RE ST B
Tt ER A Z IRIE A B, ITTLE B2l R p L AN M R AN, B4, B
A TER T RE AR A R o F) BRI H AR L 2. SN, AKPEE TR AESHARTE
B 5 Re i/ MEEOR, Tt Sk gl 28 sl /MR th 2, kb A e sifb kg, Jf
FINFE T8 2 il 26 A0 O R A S R0 5 R ARRAE. (B G B R FEARL IR B D A G I
AR, AL lE A 0 7 AR, AR & e T B AR 2

3.1 ST MR LIREY

BN BB AL Kass S5, ARy Snake A8, GBI, il 24k
BN S AL, L5 i i 2R R AL Ee R e de /MU T )i AL, X SR RE R GO R YR T T £k
H 5N SR T R I AMTRE R . AFBIAR A, IXEE N ERAI AR e A AL Y
D3RGy, BEATIsRAE I 2 Ay R R . TR A AR, g i AR DG Y
TIHERF IR V-1, 10 BB IR BEAT ORI 51 1 5| S ksl H AR (34 Al =4
AR RE TR Is 2 7 A RIS g P ni i, R e e st fe /s, i deds ibisith, Pr
e RI A H RS B B o 5] (10 2 R T AR R R N A Y BT it 2k 10 SO 10 o AT
A I HE REVEER AN i Ze st A R FBIAR /DN, 06 i 2 20T B 2 de 25 1) H AR SR
AR e s Al R P B N BE 8 Sl it/ e S38h, AT S B TR o T 28 T %,
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B R P IX LB AL I S H U R AN S M AN RE e AR AR, AR R 2%, LT TR ALEE
BLHERIEAT B i S5k .

DA A B W1 T 2 R TR R P i A 1 DA B S5, RN B i 1 R R e adt T4, FH B
e P R, T T LA S I S H R TR
3. 1.1 HrkipiRal

JRUfi Snake AR 2 LT e/ NRE T2 BRI AR TR RS BRI, LA T DL g = A 5X(3.2)
AR H
EW) = j wiv'(s) + wo " (5)| + O(v(s))ds (3.1)
R0 v(s) = (x(s), y()) IR EUG 1 (x, y) THIHIZR, * 5 Y HILARKR, Jf Hs e[04]
JEAILEHEAT— TE BRI R, [wlv' () +wo v (s)]" ds EAMCHRMZE R Y B RE AL

jﬁ¢%ﬁ%ﬁ%ﬁﬁﬁﬁmﬁﬁ§ﬁﬁmﬁ§ﬁojgwmﬁﬁﬁﬁ%%%%%%%

B, HAQ0(s) = VPO) . P=G, *1, 3HPAERIRT 57755 0 i # ki

3 O [R50 5B S J7i, W LER, 43 2 38(3.2)Euler—Lagrange J7AR0I4& 1
A @) A e B E O T R
— (W) + (wv")" = F(v), Z53E v(0),v'(0),v(1),v'(2). (3.2)
A — (") + (wy")" REW TS, Fo) &S ), IEHF=-VO(@) . HITRERZ RN R
M eR S, I HABR BT A h 23l T H bR e th BV Ry R et e IMELAL, T b 2t AL AR
WM EL T A A
% =(wp") = (w,v")" + F(v)
v(0,5) = vy (s),v(t,5) = vy (0),v(z,1) = v, (2),v'(£,0) = v4(0),v'(z,1) = vy (D)

(3.3)

A2 v(s) = (x(s), y()) B T T — AN RIS E, A v(s, 1) = (x(s,2), y(s,1)) ) 25
%ﬁﬁoéﬂﬁﬁgéo,E%%ﬂﬁﬁﬁ@ﬁ,ﬁﬁiﬁ%o

T UG snake B HEAT G, O LR In—ANANAR AN, BTSN E A T g A
AE T AVE B AL, RVFASKRER AT UG th 2 X Be U BLAE H bR X I B I ) 22 o, B
HEINEIAN Y R T W a th e n] BRIEE VS, X RhHT v RR A< Bk (Balloon snake)
(3915592

E L AAD]

_ VQ
F() =N —k—2 3.4
(v) Vo (3.4)
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X N BRI R, kYR, kAN IR
3.1. 2 ARl

LTI TEAR T () SRR TERR, AR XA BRAR T ih 2 e 3 Ak b R v R R IR A
AE X LA B oy B S F S5 M AR AT ) . RSN A T KT IIESE LA, DARR o ph ey >k
[f1R . TerzopoulosUO Wil T — 2 TG UbfI AL BERUI,  LLSIAT #4045 K AN AR L PRI L
IHaev R 2 Ja MZnn b &by, ST TR #lae 01, HOmgemc o #ifh e
i (Topology snake, or T-Snake). AREUW AW : HARIE I B gl pln 2148
KATFRIEAZTE MR, K G R o R R TR AN = M T B, AR I 48 =
MILSIEMZIAAIMERR, o LUKBIXSE=MIE0 b =35 ERILZILBNEE, E48
JEZNTEAINBLL R SR TE 20 JEARAS « IREAR, i S 5B S R H 528
ZITEAA = AATE N, BRI RT DU IS8 = TR ERER I 26 1R 4k, I FOE X 2 = £
TSR o AR T 26 I AZIE AN 4 X2 S (3 254
3.1. 3 R HEEEY

Cohen A1 Cohent! M T — 47 PR IC 7 vh AR FE S5, el w2 J ) 7 it
PR RS (distance snake) ZRTEBIAL., 5 J54A(1) snake BiRUAHLL, Cohen (1) 77 X5
BT EBUR RIS AT ik, keSS TAMNTRE R AR R, X b R A R B
I S A R o AT I — SO 7 v R BRI IR, RIS Ab et Bt AN 25 H Bl
SR AR AT N, WIAREE BRI R AT DUBUCSE, AN PR R I 20 2 e 2% H il
FURAT, Tt v LA B i 4 b 5t B BRICIE, T DL ARTE M2k 37 et il
2R 11 A b 22 10 f 22 pR B IBCRTTE S o P 25 e A 704 7 B o Ak 23 P2 P e MR RC 8
PEARLT . BE SR mA ) F s L n(3.5)

F=-VO(®) (3.5

stepr, QO)=d) - dO) o g v 8300 57 1 S5 INFRMEA KL AR Y, BLAR I 30 505
Je 1 I A PR R S R I 5 R
3.1 4 BERERIRE

XulH1 Prince 75 J5i 44 snake #7 55 7H B snake R LAY F, SEXFE TR0 A, 11
T BREE R ER (Gradient vector flow snake, or GVF snake), A4 it snake B A
25 snake B (141 a0 T A CA S B LB s VR T g s JF FOR TR, XA
MR 2 Fm 5, A AR Wt Z BT O A Ty, BRI, 6 TR A R
[T 6 ) h 2B AR AEBR B E 25 o Xu AN Prince $2HUBHIAN T3, BEAN I FEAS R 52 & THEN
DA, A iR IRITIREA AL, BEAE ™ AR R ) [ B P RO R AR T, R I B P PR a2 S A T R
BEo [FIEF, GVF B A )70 BN Ih b yu [ ] 347 AE, DR LR ERya [, 0]
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GRESER A B R A T, AN SRR ES B B H ARiL FURIT .
GVF B4 JE Xl FO) = (a(x,y), f(x, »)» Hd F(v) o] LLE N /DR
MK (3.6) 153.

E= ”,u(af +a? +a?)+|Vf|'|F — V| dxdy (3.6)
Horp £ NG L IS, w8, SRS vk, TR SRR AR BB

e, wskafo),
uVia—(a— f)fE+11)=0
PV B—(B—fISfE+f2)=0

Hrp, V2 ORRORL T, H fx:Z—j;,fy:%.

3.7)

3. 2 IR B AN ERIREY

TSR ER R, BEIE (Snakes) BAMYAENS Az HAx, HIEAMAEKIE 15X #h
AL IR, f AT KassPoPU N, S 00 BOAR 2R e i o3l F AR I3 9
TR BRI A LA ) JR) PR e EEFIG JTE AL h 2 (#4145 o A0 e Le H AR 1)
PP RS REE (T, BT RIS ) 0 B0 5 R A AR e i e A i i R
HIEAREFAAS, IS EB R RS 2 tRAT L i M UG R R, IRZAHIE T, BEE
i A dEAT,  #h&knl e IV ooy LG, HanFh gty 484k, Woet e (1) 73
H PO o RISE, I AE GE R 2R TR R, DL = AR R
AN R ARG, T, DIRARMER G DA IR N ik, A8 iEshHe R
R (18 1 FH 52 81— R Bl o

N T TS Bl e B A RO A 2 40 R AN AR KT BRI, Osher A1 Sethian $2 1 177K
ATk (level set method), JEATEARUR, Ky il 2k st Aol A5 Hh i) i e WL A i — 48 e 2 )
KA, IF HARR s 4R s Boh SN T 24, BEAE I T 14240, v eI R B
AR ZRPEE, WA R T AN A R I e DR 7KCP2R B Fh 4548 58 4 Bk
T e R B 5, B Y (N PR A E B R AR 28 DR, KP4
MR it o BBl . AT EEAG R R

LT RER MU S B TE AR, J5 467K -F Bt ] PR At o il 2eisii A6
) B AR, A M AE A T R BT AT, 1 g | AL 0 0 T 2k
A5 B [ il A BB RFAE (I BB BERIBR LD, FLrh it M2 AS B (¥ ) th 2k AE 4L
Ryl e i ORAIE R AP, X RS S B R b (K A AL, o3 BB L 1R 1 )
P M2 A Iy ), JF HAE fZisitb 2 B bRIA St . B AR/ ERB R I 2 )5, BFST
N BT R A, AT T RER IS, feth TR Z 3L TR I R 7 BB AL,
T TR B A IR AL TR AR BB BB,
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FET KA 051010 MRT P8 i Btoed 8 50 73 31

3.2.1 RIA/KFER X

PRI BRI I B B — 4 (=4l B RACTEE, xR, il
SR A I AR Al v ] LU = 4 TR AN [ AT s BE P AR G R o T Ak R ) DU =
YEAT 5 EE B pR A (SDF) kAR, SDF J7REAE 3l 44 T J& T Hamilton-Jacobi 2874 1)
Wik J7FE, DR SDF J5 F2 SR A#SSIT Hamilton-Jacobi fRISR AR, A8 B X Hh 5 4 3k 2
JrREMIE <71 (entropy-satisfying schemes) SKfg#RRL, Kfg itk SDF Ji e, Refe szl A3l
bR i S AR T IR A S5 A AR A, R AR AT A AT A
X,
1K PETTREAR R

BB Q& R N T Xk, Hiaho . & X EEG uy hu, Q> R, X
Bk ChQ Bz, FrafXEh o, WIH: 0cQ, C=0w, & Xm—4
BRECH Q IR B IS T AR R R 5 BE B R g (x, p,t = 0) = +d , Hrfrd /& e =0 B 21 £
(x,y) Bl e Fdplr sl n e, d AT S BT 550 (x, p) AL &, WA (x, p) A2 T2,
W d B 5, WA (e, p) A2 T # Ak, T d BUE S, W8 (e, ) WU T ik b, ila
hZ%E. BEAERTARLL,  @(x, y,1) = £d BREUZ AR ERER M 26 i fh o 72

HRARLL ETJTRE, APPSR ) S5, 3

0f _
EEFWﬂ

VIR ZEAEN B(x, 9,0) = gy (x, ) » FeH{(x, ¥) | ¢ (x, ¥) = O} (x, y) KSR 45 T B4R /KT
RINALE . F AEAGHNEAE (x, ) AT B, o7 1) (o, p) s A 2R 1R A4k 1)
75 R F R (g, 0,) B, NI FERD G RiE Hamilton-Jacobi J7 &

Osher MK BEAAIRZI A, (1): HE F REDGHE, o>y, 0) Bl —
ek, PImAe e C st fbid By, FeARh 42 th =K1 88 B 3h BB se by, ik
AR R A SR T RE R AR AR, MZ T REASIE . 3 X, ANTREEN I 4
F, i 3.1 Fror, MRS 70 302 Hahidi T, (2): gk C BRI T DUR 2
ORI KA BB p(x, v, 6) 143, BN ENEE C b AT (x, p) ARV BRI R @(x, v, ) 1
B, HOAREN:n=Ve; Mgk C LA (x, y) 25 H B0 N 5 (x, p) b BT 35 ) 5 1
J&, TRl (3.8) Kk 1

K:dN(V¢J:¢Mﬁ—2@Q¢W+¢Wﬁ (38)
Vgl (¢ +¢,)°""
(3): U EARIRAE St e H B 2 =4t J7 il By =4 8dls kAT 030,

2 KFEIT RGBT FIHE
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SR RVAT e

(1D AFEFARTESR AR

FER KPR TR AT B Oy I, 15 5 25 SC— MR BRI e B, A I
BRECR A KPR BRI A R . Malladi 8 KX — Ry i oy, F=F, + Fy
Horp P W, KT R 2 DUE SE (T8 AL EW%%F%%T%E&$%#
SRAREL;  Fo 2P T i 2 (0 LA Re PR s A 58, A I B i e 1) vt R 8800, B
HERIMZ A, DRFFITZ e .

AL LR REVSAE H il Gefst 1k, g SCRU R8T B BBR L i Seds 1L ek 5. T8, H
PRIVIAGSE QARS8 SRS FAL, I B ZERE0R, D id gt B EERREEROR, A
FIX 5 5, SO PRIAG AR 5 R S BE PR 45 L bR B8 D AL JSE TR 1 g () » A EIR O ER
JEAR/NIN R EMR K 73 At 2, thE Az Ak T B AR EE 1o I A AR, NAZAT B R (1)
HACTRSE ;. I BRAOBR BRI, RUINZAL F H ARG S L, BRI B R 5 L A 45
1B .

_ 1 p=1
) = VG, ) e o) [ (39)

Hhu, WG, glu,) WEERT, G, =c V2™, G_(x,y)*u,(x, y) 0K 07 5
WG, (x,y) 5B B uo(x, y) BB WREOERTLGEH, g(u,) € (00), Ll T Hbx
BN, g(uy) BT 0, i TR SR R I8I),  g(u,) BT 1.

5 I V& E S PN B BRI Sk o

g(11g) = e VO o) (3.10)
S B F 5 T BRI, 8 S L B PRI ACT 2 1 T

0

EﬁzgwauaWﬂ+Fuvﬂ> (3.11)

Horb g(x, 3,0) = gy (x, y) FAIERFACT AR 2L
M BRZE 25 77100 A _EKSFAETT REREAT B Ak, R BB M x M R FETE X
B, BHENKGRRE SRR (x,, ;) HFHI<L j<M, BRG], = d(x,, y,,nAt) JEIKF5R
R p(x, . 1) IEAME, Horbn R T TR AREL ¢° =6y, FIHLNARZES2
AP R B AT Al

AX¢_:M AW:M

=TI, h +71,j h

A ¢U _ ¢i,_j _h¢i,jl A ¢1] _ ¢i,j+lh_ ¢i,j
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Ferb h o BRI A R 81

B0~ ’ 0 28
4
“"::::’:0:""

215

D

0 -|

40 -

20 .

L

ot

s

ity

R
T RO

Lo

20

55

0“'
(o
SR

v s
AR
SR

o= | ¢(x,t)=0 A

3.1 ACPAEEAL B I R $h G5 R ) 1, 2R 4 SR 1E, AP IR 4R e i
Figure 3.1 level set can handle topological changes: the curve topology changes, while the level set remains
a smooth function

A F, =1, XLLEZKSPAET7 AR F 30 XUk AT K, A
F,|Vél= [max(A"_ #,.0f +min(at g7 0 +max(a’¢7,0f +min(a’ g, 0f ]”2 (3.12)
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Fig.3.2 level set method segmentation results of an artificial object image. The object is missing owing to
the evolving speed is not equal to zero in the whole image.
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Flg 3.3 level set method segmentation results of a brain tumor image. The initial boundary lies below the

object, resulting in wrong segmentation near the boundary.
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Fig.3.5 the initial contour is located in the up left of the image, far apart from the object.
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Fig3.6 the initial contour is located beneath the object
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Fig 3.7 the initial contour is located surround the whole object
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Fig. 3.8 Tumor segmentation with a level set method. The overmuch evolution: the curve evolves, shown
from left to right, beyond the boundary of the tumor.
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Figure 4.1 Scheme of the proposed system
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Figure 4.2 Mid-sagittal plane estimation. First row is about slice No.13; second row, No.18. (a)original
slice No.13, (b)the reflected slice of slice No.13, (c)original slice with the mid-sagittal line, 3.8 degrees
apart from the vertical center line, (d)difference between two hemisphere, (e)morphological ‘open’
operation on (d) with structuring element disk of radius=3,(f) original slice No.18, (g)the reflected slice of
slice No0.18, (h)original slice with the mid-sagittal line, -0.45 degrees apart from the vertical center line,
(i)difference between two hemisphere, (j)morphological ‘open’ operation on (i) with structuring element
disk of radius=3.
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Figure 4.3 The maximum value of cross correlation between the original slices and their rotated reflected
slices of Figure 4.2. (a) The maximum value of cross correlation between Figure 4.2 (a) and Figure
4.2(b),the rotated degrees (2«) under the peak of the curve is 7.6, therefore, the mid-sagittal plane has 3.8
degrees apart from the vertical center line; (b) The maximum value of cross correlation between Figure 4.2
(f) and Figure 4.2 (g), the mid-sagittal plane has -0.45 degrees apart from the vertical center line.
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Figure 4.4 The slice with the largest tumor and the seed of the tumor. (a) searched slice with the largest
tumor, (b) the reflected slice, (c) difference between two hemisphere, (d)morphological ‘open’ operation on
(c) with structuring element disk of radius=3,(e)seed by watershed algorithm from (d) superposed to (a).

4.4. 2 KFERBIER — MRS E

& MRIJP 51 UG 5 A B R Mg () IR G pkade th ok, I BRI 40 56 e 40t 1
SEZ S BAVVHE IR K B, FEWIAG%E 3R A 1R BT 5 25 1R AR B P S50 {ELAE A I g 1 2K
FEfE. SRJG, (EBIKPERTTE, LAMYB IR B A A K- AR IR an s A th 2, ok i e ik
Ak, AR Chan OIF1 Vese 42 K00 Fm shae Bk, R 23 38(3.39) K k4T
RIS A T S IR IEAG Te i S SR B B a1, BRATIEE T M IR A R
& At 7, A NI BE 08 45 LA IR 13 &, 3k 2R 4r 0 B B X PIAME 1
ZAor R (D fERIOKPRIERZ G, W EARIGEAR R 5 =, XL
B AR 2 B K BEABAR T 5 I K FEAR DG S — BRI, a4 R AR K /K AR ik s
S, DL A FEEAL IR G, K IE R AR B IhRg 4 2 o e g ) A R A T TR
58 MR IR AR R BRI L2858 SN WITAR%EER N 1) BT AR 32 ARSI . (2) R ndi% 4k
4 YOERIPEA A MR G %, LUK RS 4 TOE B SCR g, ERO4LIL
FIRSCIRFS, Ui EIEAR,
4. 4.3 NEEREE — MESE

TR — Wi MRI 720 G R R 23 B 5 2 5, IR BRAT PR L 45 AP BIAR AR Y
MRI JEHI B, dha 50 L R g 20 1o Wi pTak, o S8BT 20 H0 i 2 — it ]
BATAELETHEA MRI RS EG, BTEL, FRATTRY 20K 25— J3 Filiit 16 25 SR 1m) PR AN T7
Y, — NI TG, 5 NEHAHRTT I {85 S R — il 43 B 58 8 S
TR YR B SR, WER I MRS R T B G, LLSEsA MRI P
UGN T BUR I > RIESS . [FIRE, BE—MiEHRAE B —Wii g2 i, A4 e i K

93



FET KA 051010 MRT P8 i Btoed 8 50 73 31

JEAE L R 23K FSRAT AW T an e B th 2k, A BhACT- SRSk i 26 15 21 3k 3]
AR EE MM A GAL S, ARG IEAWEELL, AREEBE R T, WERARYE 73K I
FRAMGER, AT, WS BT W B o El. & 4.5 25 T il
SITEE T WG H 2R 7

45 MW BEE I, HiE N — Wi Taa i A & . RN #1485 REVEE N, A 73Kl
SRV SE A (R IR ) i 2

Fig. 4.5 The initial boundary in the next slice is obtained by the watershed method in the region of the
segmentation result of current slice.
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Figure 5.1 Comparison about initial boundary results. Original slices (left column). Initial boundary results
obtained by thresholding algorithm (middle column), skull with high intensity is incorrectly treated as tumor.
Initial boundary results obtained by the proposed model shown in white (right column).
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Figure 5.2 Comparison about stop condition. Original slices (left column). Segmentation results (over-segmented)
obtained by original level set method shown in white (middle column). Segmentation results by the proposed
model shown in white (right column), the proposed criteria stop the evolution at the tumor boundary.
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Figure 5.3 Comparison and validation. Original slices (left column). Segmentation results obtained by the
proposed model shown in white (middle column). Segmentation results superposed to the hand trackings shown
in dark (right column).
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OverHitting = (ImResult — ImByDr & ImResult)/ImByDr
RelativeHitting = (ImByDr & ImResult)/ImResult
RelativeMissing = (ImByDr — ImByDr & ImResult)/ImResult
Kappa = 2* Hitting [(2* Hitting + Missin g + OverHitting)
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Table 5.1 Validation measure Data (percent) of figure 5.3.
Slice Hitting Missing OverHitting RelativeHitting RelativeMissing Kappa

13 93.0851 6.9149 17.5532 84.1346 6.25 0.8838
14 99.0991 0.9009 10.3604 90.535 0.82305 0.9462
15 95.2022 4.7978 5.5115 94.5276 4.7638 0.9486
16 97.7069 2.2931 6.6083 93.6651 2.1982 0.9564
17  97.4153 2.5847 3.8075 96.2385 2.5535 0.9682
18  95.8405 4.1595 7.8034 92471 4.0133 0.9413
19 91866 8.134 3.0861 0.37941 0.033594 0.9424
20 90.3379 9.6621 5.1566 94.6001 10.118 0.9242
21 96.0882 3.9118 6.2214 93.9191 3.8235 0.9499
22 97.4088 2.5912 7.0438 93.2565 2.4808 0.9529
23  96.9112 3.0888 9.1699 91.3558 2.9117 0.9405
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Figure 5.4, Segmentation results of a patient MRI volume of his first time acquisition, only the slices with tumor
are shown here, the slice sequence in the volume is from 13 to 23, listed from left to right first.
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Figure 5.5, Segmentation results of a patient MRI volume of his second time acquisition, only the slices with
tumor are shown here, the slice sequence in the volume is from 13 to 23, listed from left to right first.
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Figure 5.6 Segmentation results of a patient MRI volume of his third time acquisition, only the slices with tumor
are shown here, the slice sequence in the volume is from 13 to 23, listed from left to right first.
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Figure 5.7 Segmentation results of a patient MRI volume of his third time acquisition, only the slices with tumor
are shown here, the slice sequence in the volume is from 134 to 23, listed from left to right first.
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Figure 5.8 Segmentation results of a patient MRI volume of his third time acquisition, only the slices with tumor
are shown here, the slice sequence in the volume is from 14 to 22, listed from left to right first.
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Table 5.2 Slice size (Pixel number) of figure 5.4 - 5.8.

Slice No. T1 T2 T3 T4 T5
M5 Bk Fogad B oid RS SRR
13 259 209 208 0 0
14 1219 994 972 824 473
15 3961 3223 2302 2436 1836
16 6236 5149 5004 4169 4367
17 7384 6745 6253 5323 5402
18 7452 6306 6030 6013 5401
19 8323 7482 6027 6725 6443
20 6319 6005 5508 6175 5027
21 5336 4882 4917 5082 4755
22 3687 3392 2859 2602 3106
23 2051 1727 1099 1371 799
&t 52227 46114 41179 40720 37609
H 4L (%) 100 88. 30 78. 85 77.97 72.01
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Figure 5.9 changes of tumor size of a specific patient in his therapic period.
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Figure 5.10 3-D views of the segmentation results of a patient MRI volumes, listed from left to right first, then

from top to bottom.
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Résumé

L'objectif de la thése est de développer une segmentation automatique des tumeurs cérebrales
a partir de volumes IRM basée sur la technique des « level sets ». Le fonctionnement
«automatique» de ce systeme utilise le fait que le cerveau normal est symétrique et donc la
localisation des régions dissymétriques permet d'estimer le contour initial de la tumeur. La
premiére etape concerne le prétraitement qui consiste a corriger I'inhomogénéite de l'intensité
du volume IRM et a recaler spatialement les volumes d'IRM d'un méme patient & différents
instants. Le plan hémisphérique du cerveau est recherché en maximisant le degre de similarité
entre la moitié du volume et de sa réflexion. Le contour initial de la tumeur est ainsi extrait a
partir de la dissymétrie entre les deux hémisphéres. Ce contour initial est évolué et affiné
par une technique de « level set » afin de trouver le contour réel de la tumeur. Les criteres
d'arrét de I'évolution ont été proposés en fonction des propriétés de la tumeur. Finalement, le
contour de la tumeur est projetée sur les images adjacentes pour former les nouveaux contours
initiaux. Ce traitement est itéré sur toutes les coupes pour obtenir la segmentation de la
tumeur en 3D. Le systeme ainsi réalisé est utilisé pour suivre un patient pendant toute la
période thérapeutique, avec des examens tous les quatre mois, ce qui permet au médecin de
controler I'état de développement de la tumeur et ainsi d'évaluer I'efficacité du traitement
thérapeutique. La meéthode a été évaluée quantitativement par la comparaison avec des
tracés manuels des experts. De bons résultats sont obtenus sur des images réelles IRM.

Mots clés: Segmentation, level sets, modele déformable, IRM cérébrale, tumeurs
cerébrales.

Abstract

The aim of this dissertation is to develop an automatic segmentation of brain tumors from
MRI volume based on the technique of "level sets”. The term "automatic"” uses the fact that
the normal brain is symmetrical and the localization of asymmetrical regions permits to
estimate the initial contour of the tumor. The first step is preprocessing, which is to correct the
intensity inhomogeneity of volume MRI and spatially realign the MRI volumes of the same
patient at different moments. The plan hemispherical brain is then calculated by maximizing
the degree of similarity between the half of the volume and his reflexion. The initial contour
of the tumor can be extracted from the asymmetry between the two hemispheres. This initial
contour is evolved and refined by the technique "level set” in order to find the real contour of
the tumor. The criteria for stopping the evolution have been proposed and based on the
properties of the tumor. Finally, the contour of the tumor is projected onto the adjacent
images to form the new initial contours. This process is iterated on all slices to obtain the
segmentation of the tumor in 3D. The proposed system is used to follow up patients
throughout the medical treatment period, with examinations every four months, allowing the
physician to monitor the state of development of the tumor and evaluate the effectiveness of
the therapy. The method was quantitatively evaluated by comparison with manual tracings
experts. Good results are obtained on real MRI images.

Keywords: Segmentation, level sets, deformable model, brain MRI, brain tumor.
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